Background: Current methods used to assess glycemic control use averaged measures and provide little information on the glycemic pathology of the patients. In this article we propose visual tools and their related mathematical formulas that allow for improved characterization of the glycemic behavior and achieve better glycemic control.
Original Article
Once a patient is having diabetes, the clinical outcome is inherently linked to the patient's lifestyle, especially in type 2 diabetes; together with the large variability of individual metabolism, it is being increasingly recognized that effective treatments need to evolve beyond our current treatment models toward personalized ones, in order to provide improved quality of life and better long-term outcomes. 1, 2 One of the most appealing approaches to meet this goal within health care economic constrains and in light of the evolution of our societies into the digital age is to implement informatics into our diabetes care systems. When digital modalities are used as add-ons to the current system their contribution to outcomes and costs seems to be only modest. 3, 4 When digital approaches are part of an integrated care system they provide better outcomes, and the lower the baseline level of health care (for different reasons-attitude, knowledge, economics, access, etc), the more there is to gain. 5, 6 In order to obtain the benefits of telemedicine and computerized decision aids, these need to be customized around the specific problem, in the specific setting, for the specific population. 7 Patient empowerment as a general intervention alone does not seem to be enough; 8 the digitalization of diabetes care needs to be coupled to the patients' actual data and care specifics, in order to provide a relevant, positive feedback loop that encourages further engagement. 9, 10 Therefore, for diabetes care to successfully embrace digital health technologies, evolution is not enough; we need a revolution of our paradigms of delivery and utilization of care. In this context, the provision of patient-level data emerges as a crucial point in the quest for better, personalized diabetes care that makes economic sense.
The most commonly used method for detecting and controlling diabetes status is by measuring HbA1c. However, as an average value, it doesn't give the full picture of the patient glycemic behavior 11 or give an indication on the individual patient's metabolism, among other problems, 12 such as different rates of glycosylation in different people, 13 ethnic variability in the correlation between glycemic burden and HbA1c levels. 12 Thus, it stands to reason that analyzing the actual glycemic behavior using data from intensive (self-) monitoring would be preferable. Indeed, the frequent selfmonitoring of blood glucose has been shown to improve diabetes management, 14 but intensive self-monitoring using invasive procedures (ie, finger lancets and glucose strips) is impractical on the long term. The use of continuous glucose monitors, which have been shown to improve outcomes, 15 is an appealing alternative, but they also have drawbacks such as having been tested mainly in type 1 diabetes, requiring high compliance to show significant benefit, having biocompatibility problems, requiring the attachment of implantable sensors, and having significant economic costs. [16] [17] [18] [19] [20] [21] Noninvasive glucose measuring technologies are coming of age, among them the TensorTip Combo Glucometer (CoG) developed by our company. 22 Noninvasive devices allow patients to measure themselves with less discomfort or pain, as well as being able to do repeated, frequent measurements for intensive monitoring. Still, obtaining the data is not enough, since the large amounts of data generated by frequent monitoring is not always interpreted and exploited properly, and physicians and patients alike can struggle to make practical use of it. 17, 19, 20 This article presents a novel way to analyze and interpret longitudinal glycemic data, centered on the use of a temporal density glucose histogram together with the novel metrics, glycemic burden (GB) and glycemic severity index (GSI), as the measures and control indexes for diabetes.
Materials and Methods

Study Device
All data and histograms in this study are based on the measurements of the CoG (Cnoga Medical Ltd, Caesarea, Israel) device which is approved in Europe (CE), Brazil, China, Israel, and other countries, and is intended for invasive and noninvasive glucose monitoring for domestic use or as an additional support in clinics. 22 In this article the invasive readings of the CoG were in the range of 40-500mg/dL and were obtained from lancing a fingertip.
This add-on invasive module is identical to the Okmeter match device K090609 (OK Biotech Co, Ltd, Hsinchu City, Taiwan). The noninvasive unit is based on the TensorTip optical technology developed by Cnoga. The device uses 4 light-emitting diodes of different wavelengths for excitation and a high speed CMOS color image sensor, using Cnoga's proprietary algorithms, it measures instantaneously and noninvasively the tissue glucose.
Statistical Methods
The glycemic data were obtained from men and women older than 18years that were either healthy volunteers, prediabetes, type 1 or type 2 diabetes, using the CoG. The data were prepared using Excel (Microsoft, WA, USA); the statistical analysis and figures were prepared using Python (version 3.5) and JMP Pro (version 13.2.1, SAS Institute, NC, USA). All data have been deidentified.
The raw data used for Figures 2, 3, and 6 come from a previously published report. Briefly, the participants were tested during an open label, prospective, single-center trial, which was conducted in Germany according to local regulations, including informed consent. 23 The data were collected for 10 to 45days, depending on the arm of the trial, during which the patients checked their glucose levels several times per day. Figure 4 was prepared using data from a home clinical trial; it was freely provided by users with type 2 diabetes who provided writteninformed consent allowing the use of their data in an anonymous way for research and development purposes. Figures 1 and 5 were computer generated.
The mathematical measures GB and GSI were developed to objectively characterize the histograms. Their formal definitions and all detailed calculations are presented in the supplementary materials and methods. Briefly, without using mathematical definitions, the GB in its simplest form is the glucose average; it has a specific name since it is defined in such a way that it can be manipulated to give different weights to different parts of the glucose scale. For simplicity, throughout this article, the GB is equivalent to the average. The GSI represents glycemic severity, and is composed of four different measures of variability. The GB ("GB bar") is the weighted distance of the GB from an optimal GB of 100mg/dL; it serves to measure how far is the GB (the average glucose) from the ideal glucose average. ϕ (phi) is the weighted average deviation of each measure from 100mg/dL. That is, every glucose reading is compared to 100mg/dL, weighted, and all of the readings are averaged. This is a sensitive measure of the deviation of the individual values from the norm, and serves as a complement to the deviations of the averages, represented by GB as described above. This is important because a person with high and low glucose readings would have an average that underestimates the severity of his derangement, that is, his GB would be better than his ϕ . ϕ can be thought of as roughly similar to the variance ( ϕ also has the potential to be scaled for different patients, but that is beyond the scope of this article). F H is a measure of how many peaks are there in the histogram. Finally, F T is a measure of the temporal frequency of the glucose readings over time, that is, how many times the glucose readings change direction over time; it represents the "jumpiness" of the data, as in brittle diabetes for example. Thus, the GSI, which includes of all these four metrics, incorporates the most important measures of glycemic variability: on average ( GB ), per individual reading ( ϕ ), cumulatively (F H ), and over time (F T ). Given that glycemic variability has been shown to be an independent risk factor for diabetes complications 24, 25 and a target for diabetes care, 26, 27 the GSI is an important measure for diabetes control.
Results
To better understand the glycemic behavior of the patients, the glucose levels can be plotted using a histogram, which allows to discern the underlying distribution of the glucose values. For example, Figure 1A shows a computer-generated histogram that represents the expected behavior of a healthy individual with a GB of 92mg/dL and a GSI of 1.45. Figure 1B represents a severely unbalanced type 2 patient having a GB of 256mg/dL and a GSI of 6.33, with overall elevated glucose levels and a tri-modal distribution. Figure 1C represents a labile type 1 patient having a GB of 144mg/dL and a GSI of 3.76. This patient suffers from several episodes of both hypoand hyper-glycemia (22% of the readings are equal to or below Table 2 . Measurements done over two weeks.
80mg/dL and 19% of the readings are equal to or above 200mg/dL).
Supplemental Figure 3s shows more examples of glucose distributions corresponding to different conceptual patients, all based on observations from clinical trials previously conducted. These theoretical histograms have a direct relation to the ones obtained when using data from actual patients. For example, Figure 2A shows the distribution of glucose values from an actual patient, that is relatively Gaussian in shape, with a GB of 145mg/dL and three values that are above 180mg/dL; this patient has slightly elevated glucose levels overall but the distribution shape is not abnormal. Figure 2B shows a patient with a bimodal distribution, with the first peak having relatively normal levels and a second peak at 209mg/dL. Figure 2C shows a Gaussian distribution that is both broad, with a high variability, and shifted to the right with a GB of 252mg/dL. Finally, Figure 2D shows an almost flat distribution with GB of 250mg/dL. The detailed parameters of Figure 2 are shown in Supplemental Table 1 . Evidently, the patients shown in Figure 2 have very different problems in their glycemic control; such detailed information cannot be observed from a single HbA1c level. Thus, the temporal density glucose histogram is a useful and intuitive way to describe and understand a patient's glycemic behavior. It is important to note that these histograms are representative when they are obtained using at least five glucose readings per day and optimally eight glucose readings per day: at awakening, before breakfast, after breakfast, before lunch, after lunch, before dinner, after dinner, and before bed time, for at least two weeks, as suggested for other applications. 27, 28 Figure 3A presents three different patients who had the same HbA1c level at the time of the trial, 6.5%, yet their glucose histograms are significantly different, with different shape, GB, and GSI. Similarly, Figure 3B shows three different patients with an HbA1c level of 8.8% to 9% but very different histograms. Figure 4A illustrates the dramatic change in the glycemic behavior of a patient as she entered an intensive glucose control program with the help of the CoG (a change too fast to be reflected in the HbA1c). Figure 4B Table 3 . These results imply that the temporal density glucose histogram can be used as a tool to design a desired, target glucose histogram and implement the therapeutic options accordingly. Achieving this desired shape might take a few target cycles, with interim evaluations at every stage. For example, Figure 5 presents a theoretical progression of an uncontrolled type 2 diabetes patient after beginning therapy. At the first stage the GB is 260mg/dLand the GSI is 5.94.
The main target of the interventions is to improve the shape of the glucose histogram from a skewed distribution to a more normally shaped one, improving glycemic homeostasis, while also bringing a general reduction of glucose levels. This stage leads to a different histogram shape, together with small improvements in GB that was reduced to 220mg/dL and slight reduction of GSI to 5.88. It is important to note that small change in GSI may still represent a significant progress since it is composed of four separate measures. A second intervention is aimed at shifting the whole distribution toward a lower glucose range and improving the histogram frequency F H (ie, total peaks) into a single maximum, while avoiding the occurrence of hypoglycemia. In this stage GB was reduced to 160mg/dL and the GSI to 2.93. This stage reflects a major improvement in the severity of his diabetes. Thus, the shape of the histogram and the parameters associated with it (GB and GSI) provide personalized information that can be used to individualize treatment targets and choose between different possible strategies to reach those targets.
The temporal density glucose histogram, as well as other visualizations of glycemic behavior, can help us understand how the glucose levels behave during daily life. This allows us to focus on the most problematic times of the day and target them specifically with behavioral and pharmacological interventions. For example, Figure 6A depicts the distribution of glucose levels for a single type 2 patient during the 24hour daily cycle, encompassing 351 measurements over 2months. It can be clearly seen that the glycemic control is best in the morning, and as the day advances, the glucose histogram becomes more and more skewed. The scatter plot in Figure 6B shows the same data in a different way: as the morning progresses the glucose levels increase up to a peak around lunchtime, with a continuation of these high levels throughout the remainder of the day. The large dispersion of the measures is also noteworthy. Figure 6C depicts a density plot of the same data set, binned into 15minute slots, in what some may find is a more visually intuitive way. This plot focuses on four clear clusters of glucose levels: A, early morning, showing fasting glucose levels of 167mg/dL; B, morning, where glucose levels increase steadily after breakfast; C, a high peak after lunchtime; and finally D, continually high levels from afternoon through the night. Finally, Figure 6D shows a histogram with the different times of day color-coded, allowing us to get a rough sense of the dispersion of values during the day.
Discussion
In this article, we explore the use of temporal density glucose histograms as a way to characterize glycemic homeostasis and the therapeutic options afforded by using the histograms, related data visualization, and analysis tools. While histograms have been mentioned in the past 29 and some continuous glucose monitors (CGMs) can show a histogram of some of their data, glucose histograms have never been discussed or proposed as a central tool in understanding or managing diabetes. Moreover, tools for their analysis have not been proposed in the past. Therefore, the novelty of our proposed approach is reflected by the elaboration of histograms utilization and their actual implementation, together with their mathematical analysis, as tools for diagnosis, glycemic follow-up, and, importantly, for designing the therapeutic plan for glycemic control. The glucose histogram and derived parameters are device agnostic, being applicable to any scenario where personal glucose data are recorded. The use of these tools allows for significant gains, which feed upon and reinforce each other: improvement upon the use of HbA1c; provision of detailed information on actual glycemic behavior for the personalization care; and ease of understanding and implementing in digital care models.
Beyond HbA1c
The temporal density glucose histogram can improve upon the HbA1c by providing a picture of the actual glycemic derangements. Figure 3 highlights how problematic it is to use the HbA1c as the main indicator of glycemic control in patients with diabetes. Similar HbA1c values can be obtained from very different underlying glycemic behaviors, and "normal" HbA1c levels can be obtained from patients with deranged glucose metabolism. Although useful as a general follow-up measure, the HbA1c is only a very rough estimate of a patient's state and it is questionable as a reliable way to compare among patients. In contrast, the GB and GSI are standardized and based on the actual glucose measurements, bypassing the "biological interface" that is involved in the creation of the HbA1c molecule. Thus, they are better suited for objective follow-up and epidemiological studies, as well as providing more information than what is represented by the HbA1c.
Personalization of Care
Patients with diabetes are heterogeneous, comprising a spectrum of pathophysiologic configurations, 30 requiring therapy tailored to their specific diabetes subtype. A prerequisite to perform this personalization of treatment is to have the individual's data presented at a level that is detailed enough, a requisite that can be fulfilled by using the temporal density glucose histogram, the GB and the GSI. In principle, the insulin resistance (or an indexed form of it) may also be computed from the glucose histogram if additional information related to medications, food and physical activity is provided. Moreover, it is not only the different histogram shapes but also their change in response to treatment that can greatly help understanding the underlying problems of the patients. The dynamic representation of a patient's glycemic behavior analyzed over time, as shown in Figure 4 and Supplemental Figure 4s , exemplifies this. These tools can help a clinician devise specific interventions, reinforce a good strategy or modify an inadequate one. The period of analysis can be much faster than is common with HbA1c, as dynamics can be monitored as soon as every two weeks. This allows clinicians to provide relevant, real time feedback and adjust the pharmacologic intervention as the patient changes into a new equilibrium. Figure 5 in turn demonstrates the relation between the GB and GSI values to the severity of the disease. This approach stands in contrast with current treatment guidelines that look at the HbA1c, propose general lifestyle changes mostly for un-medicated type 2 patients and prescribe medications according to a standard flowchart or table when it comes to medicated patients.
The power of graphical tools for glucose data visualization and analysis is further demonstrated when looking at daily glucose patterns, as in Figure 6 . These intuitive graphs show the actual glycemic control in the day to day and can be used as the basis for improving glycemic control in relation to patient-specific problem areas. Other types of analyses of daily glycemic data have been described before, prominently the ambulatory glucose profile; 11, 29 while some of our tools bear resemblance to it by necessity, since we also show the glycemic behavior over 24hrs, our overall approach is broader, providing several ways to visualize the data and analyze it. From a patient-centered perspective, the proposed glucose visualizations (with the histogram at the center) coupled with the GB and GSI, provide the patients a clear view of the specific areas that need better control (as opposed to general recommendations), and this type of educational interventions have been shown to reduce mortality among patients with diabetes. 31 
Glycemic Variability
Other measures of glycemic variability have been proposed in the past, such as SD, CV%, MAGE, MODD and others. 32, 33 The GSI provides several advantages over them: (1) It does not assume normality, since once glycemic homeostasis is lost to diabetes, the glucose distribution quickly loses normality. (2) It incorporates four different measures, each one related to different domains of the variability (as described above). This provides a fuller description of the variability that adds to the ability to correlate it to pathophysiological processes. (3) When used for a specific patient, it can be manipulated to adapt it to the patient's pathophysiology and reflect more accurately his specific goals of care. (4) Most of the glycemic variability measures existing in the literature are appropriate for continuous, high-resolution data (like what is obtained from CGMs), or for sparser data obtained (such as from flash glucose monitors, SMBG, or noninvasive monitors). In contrast, the GSI can be used for any one of them, as long as enough data points are obtained, regardless of the period of time involved.
Implementation and Health Care Delivery
The temporal density glucose histogram and the associated measures are simple yet powerful tool that can facilitate the implementation of informatics for the care of patients with diabetes.
3 By converting data into information and then help extract from the information clinically actionable insights, they can be of use for both health care personnel and patients.
This approach to diabetes control should not be restricted to insulin users. For example, a patient with type 2 diabetes not treated with insulin might, nonetheless, use a noninvasive monitor and do intensive self-monitoring in a convenient way for a couple of weeks. The data obtained could then be used to guide specific recommendations in medications and habits, repeating this process until suitable control is achieved.
Shifting the Paradigm of Diabetes Care
Like most other chronic diseases, diabetes care does not end but just begins with the professional medical recommendations. The difficulty implementing those recommendations by patients into their lives is a major barrier which is as complex and multifactorial as the diseases themselves. 16, 19, 20 Thus, presenting the data in the patient's actual context, engaging the patient with analyses that he can understand and obtain actionable insights, as well as providing solutions that he can integrate as smoothly as possible in the daily routine can be no less effective than a change of medication, and perhaps even more so. 10 The scientific literature on CGMs actually provides evidence for this problem: the large trials on CGM clinical effectiveness have been performed in selected patient populations, and patients needed to have a high level of compliance in order to obtain significant benefit, which was found to be modest. 17 In that respect, it is possible that eight daily measurements at appropriate times is as good clinically as more frequent measuring. 28 Therefore, perhaps the reason for the modest results from CGM trials is that the answer to better diabetes control does not lie with more and more data, but rather with its analysis and the implementation of the conclusions reached, two areas where the glucose histogram and its analysis over time can significantly improve.
In light of all these arguments, we propose a paradigm shift moving forward, where the high-density glycemic data obtained with current technologies is not the center of attention but rather the starting point. We propose that the basis for therapeutic interventions be targeting the temporal density glucose histogram, the GB and the GSI, as the measures of glycemic derangement. This approach has several advantages, among them: monitoring the response to treatment more dynamically than with HbA1c; following up the actual glucose values and not just HbA1c, accounting for hypo-and hyper-glycemia; assessing measures of glycemic variability; and all this in a personalized, patient-specific manner. Above all, using the histogram as the basis for therapeutic decision making means that we are targeting the actual expression of the individual patient's pathophysiology, as opposed to surrogate markers (HbA1c) or general measures (as in a standard guideline). A treatment approach based on the glucose histogram would target shifting the current glucose histogram shape into a new, desired, shape, using the following steps:
a. An initial stage where glucose levels are intensively monitored, optimally eight times a day as described above, for a minimal duration of two weeks. During this stage the initial (or current) temporal glucose density histogram shape is produced and the GB and GSI are computed. b. Based on the initial temporal density glucose histogram shape, a desired histogram is targeted using a suitable combination of diabetes treatments (ie, diet, physical activity, medications) chosen specifically to address the glycemic derangements identified. c. Steps A and B are repeated until a satisfactory glucose density histogram shape is reached together with improvements in the GB and GSI. d. The last stage is the maintenance one, keeping the new shape, GB and GSI steady-a new standard for personal glycemic control.
This process should be easy and intuitive, performed using a software package that automatically analyzes the glucose readings and includes associated information such as nutrition, physical activity, drugs, insulin, and so on. Furthermore, it should generate proposed target histograms and propose treatment alternatives.
In summary, we propose a new paradigm for glycemic control that goes beyond the HbA1c into a treatment algorithm that aims at controlling the actual glycemic distribution, analyzed through the glucose histogram and associated metrics. This would result in a personalized treatment plan, designed to achieve homeostasis by changing the shape of the glycemic distribution (ie, the temporal density glucose histogram) into a desired shape and maintaining it in a steady state. Such program is currently under development.
Abbreviations
CGMs, continuous glucose monitors; CoG, TensorTip Combo Glucometer; GB, glycemic burden; GSI, glycemic severity index.
Declaration of Conflicting Interests
The author(s) declared the following potential conflicts of interest with respect to the research, authorship, and/or publication of this article: YS is the inventor of the presented TensorTip CoG technology, and founder and a shareholder of Cnoga Medical Ltd, the company commercializing the related product. The rest of the authors are salaried workers at Cnoga Medical, Ltd.
Funding
The author(s) received no financial support for the research, authorship, and/or publication of this article.
Supplemental Material
Supplemental material for this article is available online.
ORCID iDs
Uriel Trahtemberg https://orcid.org/0000-0001-9103-2494 Yosef (Joseph) Segman https://orcid.org/0000-0002-6523-8314
